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Abstract—This paper presents a practical algorithm for per-
ceptual dominance estimation in binocular rivalry. The algorithm
using steady state visual evoked potentials (SSVEP) effective-
ly realizes a real-time estimation of perceptual dominance in
binocular rivalry from electroencephalogram (EEG) signals. For
accuracy of estimation, the algorithm utilizes the EEG spectro-
gram obtained via the short-time Fourier transformation with
a short time analysis window. More importantly, the algorithm
focuses on the acceleration (second order time differential) of
the spectrogram difference between SSVEP of left-eye stimulus
and that of right-eye stimulus, where the left-eye stimulus and the
right-eye stimulus are separately displayed for left-eye and right-
eye, respectively, with different-flashing-frequency visual stimuli
of dissimilar images. Experimental results demonstrate the utility
of the algorithm, particularly, the importance of introducing the
acceleration of the spectrogram difference. With the simplicity
of the algorithm, it is in fact suitable to accurately measure
binocular rivalry without verbal communications in real-time
environments.
Index Terms—acceleration of spectrogram difference, binoc-
ular rivalry, electroencephalogram, steady state visual evoked
potentials.
I. INTRODUCTION
B INOCULAR rivalry [1], [2] is known as the phenomenonthat humans cannot simultaneously perceive dissimilar
images from the left and right eyes. According to [3], binocular
rivalry is a puzzling phenomenon:when two distinct images are
presented to the eyes, the percept changes stochastically from
one image to the other, despite the unchanged stimulation of
the eyes. This makes rivalry paradigms well suited to study
the neural sources of conscious perception [4]. In addition,
binocular rivalry is considered useful for studying perceptual
selection and awareness in both human and animal models. In
other words, binocular rivalry is considered an effective tool
for investigating the processes underlying visual awareness
[5]. Thus, it is possible to investigate locus of awareness,
perceptual selection and unconscious processing by using
binocular rivalry. This paper is motivated by an interest in
practically utilizing the puzzling phenomenon occurred by
binocular rivalry. Although there exist a large number of
studies on binocular rivalry, e.g., [6]-[12], most of these
K. Tanaka, M. Tanaka, T. Kajiwara are with the Department of Mec-
ahnical Engineering and Intelligent Systems, The University of Electro-
Communications, Tokyo, 182-8585 Japan (e-mail: ktanaka@mce.uec.ac.jp;
mtanaka@uec.ac.jp; toshiya.kajiwara@rc.mce.uec.ac.jp).
H. O. Wnag is with the Department of Mecahnical Engineering, Boston
University, MA 02215, USA (email: wangh@bu.eud).
Manuscript received March 30, 2016; revised Manuscript received August
12, 2016.
studies are from the fields of psychology, neuroscience, brain
science and/or vision perception. Recently, a technique [13]
to predict subsequent stability in perceptual rivalry has been
reported. The technique realizes its prediction by observing
the pupil diameter in the optokinetic nystagmus and does
not directly utilize EEG signals. Although the work [12]
investigated binocular rivalry with the steady state visual
evoked potentials (SSVEP), the work did not aim at estimating
perceptual dominance in binocular rivalry. It mainly focused
on an observation of the waxing and waning of the visual
evoked potential (VEP) amplitudes during binocular rivalry. To
the best of our knowledge, there are few studies on estimating
perceptual dominance in binocular rivalry using only EEG
signals even though EEG based estimation techniques may
be widely applicable to measuring binocular rivalry in non-
verbal human subjects (or possibly animals) in real-time
environments. A real-time perceptual dominance estimation
algorithm for binocular rivalry was presented only in [14]. The
algorithm presented in [14] was based on a typical SSVEP
technique [15]. However, this paper will demonstrate that
there is still room for improvement in the estimation accuracy
of the algorithm [14] and indeed will bring new ideas to
significantly improve the accuracy of estimating perceptual
dominance in binocular rivalry over the existing approach. The
new ideas are based on our hypothesis that the acceleration
(second order time differential) of the spectrogram difference
between SSVEP of left-eye stimulus and that of right-eye
stimulus contributes to better estimation results. There exist
remarkable issues supporting the hypothesis in the literature
(e.g., [16]-[21]) on brain visual perception and computation-
al visual models for the V1 receptive field. In fact, it is
known that the V1 receptive field has high sensitivity for
derivative visual-motion information. From this point, high-
order derivative information of brain activity signals may be
able to contribute to the estimation accuracy of the perceptual
dominance, but higher-order derivative information (like jerk,
more than second-order derivative information) is regularly
contaminated by noises (artifacts) from a signal processing
point of view and it may be unable to fully contribute to the
estimation accuracy of the perceptual dominance. Marr [16]
provided a framework to integrate knowledge from cognition
and computation to understand vision and the brain. Since
then, the derivative properties of visual perception in human
brain have been frequently reported. The well-known motion
energy model (that is a human visual model for motion
information extraction) proposed by Adelson and Bergen [17]
utilized four combinations of the spatial and temporal filters.
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The temporal filters with adjustable parameters to control the
sensitivity for time response have high sensitivity for derivative
vision-motion information (for example the temporal filter
with relatively fast response in [17]). The resulting outputs
from four combinations of the spatial and temporal filters in
the motion energy model [17] clearly have a high correlation
with cortical neural activity, i.e., EEG. For instance, a recent
excellent work [22] achieved reconstruction (generated by
mixing a large number of other movies with higher similari-
ties) of natural movies (not static images) from brain activity.
The work also utilized the motion energy model to reconstruct
natural movies from brain activity signals. Very recently,
Pavan [21] introduced a second order motion energy model
for modelling fast forms of visual neural plasticity. Thus,
the acceleration (second-order derivative) detection would be
an appropriate way to bridge between visual perception and
brain activity signals. These facts support that the derivative
information (up to the second order derivative information)
of EEG in both the time and frequency domains has a high
correlation with visual perception. In this paper, we present
an algorithm to verify the hypothesis in Section III and verify
the hypothesis in experimental results of Section IV.
This paper presents a practical SSVEP-based algorithm for
real-time and effective perceptual dominance estimation in
binocular rivalry from EEG signals. For accuracy of esti-
mation, the algorithm utilizes the EEG spectrogram obtained
via the short-time Fourier transformation with a short time
analysis window. More importantly, the algorithm focuses
on the acceleration (second order time differential) of the
spectrogram difference between SSVEP of left-eye stimulus
and that of right-eye stimulus, where the left-eye stimulus and
the right-eye stimulus are separately displayed for left-eye
and right-eye, respectively, with different-flashing-frequency
visual stimuli of dissimilar images. This paper also investigates
the influence of colored stimuli in perceptual dominance
estimation. This paper does not aim at discussing the color
effects in binocular rivalry. The purpose is to show the utility
of the proposed algorithm in both of the different color cases.
In comparison with the existing approach [14], experimental
results demonstrate the utility and applicability of the algo-
rithm, and in particular, the importance of introducing the
acceleration of the spectrogram difference. Furthermore, the
experimental results indicate that the colored stimuli do not
influence estimation results in both the existing approach and
the proposed approach. Since the simple algorithm works
at every 8 [ms] interval, it is actually suitable to accurate-
ly measure binocular rivalry without verbal communications
(non-verbal human subjects or possibly animals) in real-time
environments.
Visual awareness of not only humans [23] but also animals,
e.g., monkeys (macaques) [24], [25], has been investigated by
utilizing binocular rivalry. In other words, binocular rivalry
is now considered as appropriate psychophysical evidence
of visual awareness. In [24], two monkeys were trained to
perform a categorization task by pulling one of two levers.
For example, they were trained to pull and hold the left lever
whenever a sunburst-like pattern was displayed and to pull
and hold the right lever upon presentation of other figures
(images of humans, monkeys, apes, wild animals, butterflies,
reptiles, etc.) and various manmade objects. Thus, in most
of studies, monkeys were trained either to gaze passively
at rival patterns, or to report fluctuations in dominance [4].
However, as noted in [26], training monkeys to perform
such behavioral tasks often requires substantial investment
of time and effort. Descriptions and assessments of methods
for training nonhuman primates in the laboratory are actually
difficult in practice. Hence, monkey training techniques have
typically been developed in an ad hoc fashion within individual
laboratories. The estimation technique developed in this paper
may be applicable to such monkeys’ percept experiments
without the requirement of training, instead of their ad hoc
fashion. In addition, there exist a number of studies, e.g.,
[27], [28], on monkey SSVEP experiments. In fact, it is
known that monkeys have M and P pathways and produce
contrast response curves in electrophysiological studies that
are very similar to the SSVEP functions like humans [29].
Thus, the estimation technique is applicable to investigate
visual awareness without verbal communications.
This paper is organized as follows. Section II shows our
experimental system for perceptual dominance estimation in
binocular rivalry. Section III presents a new algorithm to verify
the hypothesis and Section IV verifies the hypothesis through
experimental results. Section IV also compares our algorithm
with the existing algorithm. Finally, Section V summarizes the
conclusions of the paper.
II. EXPERIMENTAL SYSTEM
Section II presents the experimental setup for perceptual
dominance estimation in binocular rivalry.
Fig. 1. Experimantal system for perceptual dominance estimation in binocular
rivalry.
Fig. 1 shows the experimental system for perceptual dom-
inance estimation in binocular rivalry. A pair of black-and-
white pattern reversal visual stimuli (as used in many studies,
e.g., [30]), with five equally spaced parallel bars, are employed
in the experimental system. In the head-mounted display
(HMD) inside view of Fig. 1, the left and right sides denote
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left-eye stimulus (horizontal stripes) and right-eye stimulus
(vertical stripes), respectively. A pair of red-and-black and
green-and-black pattern reversal visual stimuli is also consid-
ered as a colored version. As subjects’ perceptual dominance
records in binocular rivalry, subjects are required to press a
key or release the same key according to perceiving results
of either vertical stripes or horizontal stripes. The feedbacks
from subjects are recorded as either vertical stripes (push the
key:1) or horizontal stripes (release the key:0) at every interval.
In addition, different-flash-frequencies for left-eye stimulus
(horizontal stripes) and right-eye stimulus (vertical stripes)
are employed to estimate perceptual results of either vertical
stripes or horizontal stripes. In other words, by using a typical
SSVEP detection method, it is possible to estimate perceptual
dominance of either left-eye stimulus or right-eye stimulus.
This is a key idea of the SSVEP-based algorithm for perceptual
dominance estimation in binocular rivalry from EEG signals.
The experimental system consists of an electroencephalo-
graph (DIGITEX LAB. CO., LTD., Polymate II ), an HMD
(Sony Corporation HMZ-T1) and two computers (TWOTOP-
BTO (CPU:Intel(R) Core(TM) i7-3770k(3.50GHz), Memo-
ry:8.00GB) and Panasonic Let’s Note CF-S9 (CPU: Intel(R)
Core(TM) i5 (2.53GHz), Memory:4.00GB)). The HMD is
suitable to separately display different pattern and frequency
visual stimuli for left-eye and right-eye via the well known
side-by-side method. The upper part (HMD inside view) of
Fig.1 shows black-and-white pattern reversal stimuli (Case
1) used in the experimental system, where the left and right
sides denote left-eye stimuli and right-eye stimuli, respectively.
Their spatial frequency is 2 [cycle/deg.] that is the same
setting as in [12]. The size of each image is set so as to
be that visual angle is 10 [deg.]. To investigate the influence
of different color visual stimuli in the perceptual dominance
estimation, we also provide another color version as a pair of
two pattern reversal visual stimuli (Case 2). Fig.2 shows the
two pattern reversal visual stimuli, where the left and right
sides denote left-eye stimuli (red-and-black pattern horizontal
stripes) and right-eye stimuli (green-and-black vertical stripes),
respectively. We note that some previous works [6], [7] also
utilized the same color patterns of red and green. We will
show that the proposed approach gives better results than the
existing approach [14] in both black-and-white pattern (Case
1) and the colored pattern (Case 2).
Left-eye stimulus Right-eye stimulus
HMD Inside View
Fig. 2. Red-and-black and green-and-black pattern reversal stimuli (Case 2),
(Left:left-eye stimuli Right:right-eye stimuli)
In the experiments, ten healthy subjects, with no visual
and/or other abnormalities, are asked to perform the key
press/release tasks according to perceiving either left-eye s-
timulus or right-eye stimulus. Informed consent was obtained
from every subject according to the experimental procedures
approved by the human research committee of University of
Electro-Communications, Tokyo, Japan. Five electrode po-
sitions (POz , O1, O2, Oz , lz) are selected according to
the ten-twenty international electrode system [31]. We select
earlobe (A2) and forehead (middle frontal-polar point) (Fpz)
as reference and ground electrodes, respectively. The sampling
rate for detecting EEG is 1000 [Hz]. To measure pure EEGs as
much as possible, the impedance check is carefully performed,
i.e., the impedances for all the electrodes are kept at least less
than 10k ohms. In our experiments, to avoid artifacts from
electromyography, all the subjects are requested to stabilize
their chins and heads on the frame set on the experimental
desk and to minimize the movements of their bodies. In this
experiment, one trial consists of four sections that provide
visual stimuli with different flickering frequencies (8.57 [Hz],
10.00 [Hz], 12.00 [Hz] and 15.00 [Hz]) for the left and
right eyes. In the four sections, the left and right flickering
frequencies are set as follows: (fleft,fright)= (12.00 [Hz], 10.00
[Hz])) for the first section, and (10.00 [Hz], 8.57 [Hz])), (8.57
[Hz], 15.00 [Hz])), and (15.00 [Hz], 12.00 [Hz])) for the
second, third and fourth sections, respectively, where fleft and
fright denote the flickering frequencies for left-eye stimulus
and right-eye stimulus, respectively. Subjects are required to
gaze fixedly at the center of the flickering visual stimuli. The
flickering time in each section is 12 seconds and then the rest
time (without the reversal visual stimuli) is 4 seconds including
the short time beep cue (0.5 sec.) and the long time beep cue (1
sec.). The short and long time beep cues are used as the signs
of starting and finishing the flickering task, respectively. The
time schedule of EEG measurement in each trail is repeated
until the required amount of data is collected. In this paper,
totally 40 trials (20 trials in Case 1 and 20 trials in Case 2)
are carried out for each subject.
III. ALGORITHM FOR PERCEPTUAL DOMINANCE
ESTIMATION IN BINOCULAR RIVALRY
Section III presents the algorithm for perceptual dominance
estimation in binocular rivalry. The algorithm that includes the
existing approach [14] as a special case can be employed to
verify the hypothesis and the verification will be carried out
in Section IV.
Laplacian filtering for the detected EEG data is performed.
Y (t)=4×Oz(t)−(POz(t)+Iz(t)+O1(t)+O2(t)), (1)
where Oz(t), POz(t), Iz(t), O1(t) and O2(t) denote the EEG
data at the electrode places Oz, POz, Iz, O1 and O2 at time
t, respectively. Next, the short-time Fourier transform (STFT)
of Y (t) is carried out by
STFTY (t, f) =
∫ ∞
−∞
Y (τ)w(τ − t)e−j2πf/fsdτ, (2)
where f is the frequency index, w is a short time analysis
window, and fs is the sampling rate. The window w is assumed
to be non-zero only in an interval of window length. We
employ the Hamming window as a window function.
w(τ − t) =
{
0.54− 0.46 cos(2π τ−tL−1 ) 0 ≤ τ − t ≤ L− 1,
0 otherwise,
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where L = 3000 [ms] is the window length. The hamming
window with overlap of 2992 [ms] is applied to the EEG data.
Note that the sampling rate fs is 1000[Hz]. Then, since the
spectrogram of the function is the magnitude squared of the
STFT, the spectrogram is obtained as
PowerY (t, f) = |STFTY (t, f)|2. (3)
In [14], perceptual dominance in binocular rivalry was es-
timated by focusing on difference between PowerY (t, fright)
and PowerY (t, fleft), where fleft and fright denote the flick-
ering frequencies for left-eye stimulus and right-eye stimulus,
respectively, as defined in Section II. The estimated results are
discriminated as right-eye perceptual dominance and left-eye
perceptual dominance when
PY diff (t) = PowerY (t, fright)− PowerY (t, fleft)
≡ D0PY diff (t) (4)
are positive and negative, respectively, where we introduce
Euler’s notation for PY diff (t), that is, we denote the derivative
with the operator D. Hence, DiPY diff (t) denotes the i th
order differential of PY diff (t). This paper will demonstrate
that the acceleration of the difference, D2PY diff (t) (see (6)),
is a more important factor than D0PY diff (t) in the perceptual
dominance estimation. The hypothesis verification will be pre-
sented and discussed in Section IV. To verify the hypothesis,
we introduce an extensive variable (8) defined as the weighted
sum of D0PY diff (t), D1PY diff (t) and D2PY diff (t) in Step
5 of the algorithm. For more details, we will discuss it again
after describing the algorithm.
Let BRreal(t) be the subject’s perceptual dominance report
based on the feedback from the key press or release task.
BRreal(t) =
{
0 left-eye visual image perception,
1 right-eye visual image perception. (5)
Fig.3 shows the outline of the algorithm for perceptual
dominance estimation in binocular rivalry. This algorithm is
repeatedly carried out for each 12 second section.
[Algorithm]
[Step1] Calculate (1) and (2) at time t (t ≥ L). The sampling
rate of the calculation in [Step 1] is same as that of EEG
measurement. On the other hand, the interval of the calculation
during [Step 2]-[Step 5] is same as the interval (8 [msec]) of
shifting the Hamming window in the STFT processing.
[Step2] Calculate two spectrograms, PowerY (t, fleft),
PowerY (t, fright), for every interval (8 [msec]).
[Step3] Obtain the difference, PY diff (t), in (4).
[Step4] Calculate velocity and acceleration of PY diff (t) as
Di+1PY diff (t) ≡ ΔD
i(t)
Δt
, (6)
where ΔDi(t) = DiPY diff (t) − DiPY diff (t − Δt) for i =
0, 1 and Δt = 0.008 [sec.] (i.e., 8 [msec]).
[Step5] Determine BRestimate(t) as
BRestimate(t) =
{
0 Switch(t) ≤ 0,
1 Switch(t) > 0,
(7)
where
Switch(t) =
2∑
k=0
wk+1D
kPY diff (t)/D
k
max, (8)
and Dkmax = max(|DkPY diff (t)|), ∀t for k = 0, 1, 2. w1,
w2 and w3 are the weights that takes between 0 to 1 and
w1 + w2 + w3 = 1. The BRestimate(t) is the perception
result estimated by the algorithm. This is, the estimated results
are discriminated as right-eye perceptual dominance and left-
eye perceptual dominance when BRestimate(t) = 1 and
BRestimate(t) = 0, respectively
[Step6] If t < 12−L [sec.] then go to [Step 1]. If t ≥ 12−L
[sec.] then the algorithm is finished.
Note that the definition (8) is reduced to the existing
approach [14] when (w1, w2, w3) = (1, 0, 0). In addi-
tion, (w1, w2, w3) = (0, 1, 0) and (w1, w2, w3) = (0, 0, 1)
mean that D1PY diff (t) and D2PY diff (t) are considered,
respectively. Furthermore, by using weighted parameters
(w1, w2, w3), any weighted combinations among them can
be considered, e.g., (w1, w2, w3) = (0.5, 0, 0.5) means that
both D0PY diff (t) and D2PY diff (t) are considered with the
same weights, (w1, w2, w3) = (1/3, 1/3, 1/3) means that
D0PY diff (t), D1PY diff (t) and D2PY diff (t) are considered
with the same weights, and so on. The hypothesis verification
is completed if the estimation accuracy by the algorithm with
(w1, w2, w3) = (0, 0, 1) is better than those by the algorithm
with other weights. From now, we call the algorithm with the
weight ((w1, w2, w3) = (0, 0, 1)) ’the proposed approach’.
Remark 1: Before calculating a weighted sum of three
variables (terms) in (8), all the terms are normalized with the
maximum values. Three of them without the normalization
should not be simply added since their orders are different.
Hence, after normalizing these values (terms) to [-1 1], the
weighted sum is calculated.
IV. EVALUATION
Section IV verifies the hypothesis by showing that the
estimation accuracy by the algorithm with (w1, w2, w3) =
(0, 0, 1) is better than those by the algorithm with other
weights.
As used in [12], [14], the normalized cross-correlation
between BRreal(t) and BRestimate(t) is utilized to evaluate
the perceptual dominance estimation accuracy in the existing
and proposed algorithms. The normalized cross-correlation
Rxy(τ) is represented as
Rxy(τ) =
Cxy(τ)√
Cxx(0)Cyy(0)
, (9)
where
Cxy(τ) = lim
T→∞
∫ 1/T
−1/T
x(t)y(t+ τ)dt, (10)
x(t) = BRestimate(t) and y(t) = BRreal(t). The reaction
time τact [12], [14], which is the time delay of the button (key)
press from the SSVEP onset, can be defined as the value of τ
at the peak of the cross-correlation between a sufficient time
range, i.e., τmin < τ < τmax [msec.]. The maximum value of
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Short-time Fourier transformation
Hamming window
3000 [msec.]
8 [msec.]
t1
t2
t3
tn
tn-1
8 [msec.]
PowerY(tn, fright) - PowerY(tn, fleft)
PowerY(tn-1, fright) - PowerY(tn-1, fleft)
PowerY(t2, fright) - PowerY(t2, fleft)
PowerY(t3, fright) - PowerY(t3, fleft)
PowerY(t1, fright) - PowerY(t1, fleft)
12 [sec.]
Y(t)
Switch  1 (t3) 
tn-2
PowerY(tn-2, fright) - PowerY(tn-2, fleft)
 Switch  1 (tn) 
1
0
1:Right-eye perceptual dominance
0:Left-eye perceptual dominance
Oz(t)
POz(t)
Iz(t)
O1(t)
O2(t)
Laplacian 
Filter BRestimate(t) = 1 or 0,  t = t3, t4, t5, , tn-1, tn
1 or 0 1 or 0
EEG
Time sequence (8 msec. interval)
1
0
Fig. 3. Outline of algorithm for perceptual dominance estimation.
Rxy , defined by Rmax, at the reaction time τact is utilized to
evaluate the perceptual dominance estimation accuracy, i.e.,
Rmax = max
τmin<τ<τmax
Rxy(τ). (11)
Rmax is calculated for each 12 second section. We evaluate
each estimation result at each 12 second section with Rmax
and calculate the average and standard deviation of Rmax for
all the 12 second sections as the final evaluation. Figs. 4 and
5 show the plot of the average of ten subjects’ Rmax on the
region (w1, w3) (under the restriction w1 + w2 + w3 = 1)
in Case 1 and Case 2, respectively, where τmin = 0 and
τmax = 900 that are the same setting as in [14]. Points A, B
and C correspond to (w1, w2, w3) = (1, 0, 0), (w1, w2, w3) =
(0, 0, 1), (w1, w2, w3) = (0, 1, 0), respectively. In both Case
1 and Case 2, Rmax at Point B is larger than that at Point
C, and Rmax at Point C is larger than that at Point A. The
results indicate that D2PY diff (t) is a more important factor
than D0PY diff (t) in the perceptual dominance estimation.
D1PY diff (t) seems to be also an important fact. However, in
all the combinations (8) with the constraint w1+w2+w3 = 1,
Point B in both Figs. 4 and 5 are the largest point of Rmax.
Rmax increases gradually when w3 tend to 1, that is, when
it is approaching to Point B. This results strongly support the
utility of the proposed approach.
Tables I and II show the averages and standard deviations
of Rmax in the proposed approach and the existing approach
for Cases 1 and 2, respectively. In both Cases 1 and 2, the es-
timation accuracies in the proposed approach are significantly
improved over those in the existing approach. Furthermore,
the standard deviations of Rmax in the proposed approach
are much smaller than those in the existing approach. This
means that the proposed algorithm provides better estimation
results for almost all EEG data. Thus, the proposed approach
provides better results than the existing approach. As the t-
test results for Rmax between the proposed approach and the
B
0
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0.8
1 0
0.2
0.4
0.6
0.8
1
0
0.2
0.4
0.6
0.8
1
w3
w1
R
m
ax
A
C
0.7370
0.6893
0.7822
B
Fig. 4. 3D plot of Rxy on the region (w1, w3) (Case 1).
0
0.2
0.4
0.6
0.8
1 0
0.2
0.4
0.6
0.8
1
0
0.2
0.4
0.6
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1
w3
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R
m
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A
B
C
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0.6695
0.7952
Fig. 5. 3D plot of Rxy on the region (w1, w3) (Case 2).
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TABLE I
AVERAGES AND STANDARD DEVIATIONS OF Rmax FOR CASE 1.
Subject Existing Approach [14] Proposed Approach
A 0.7002 ± 0.2567 0.8028 ± 0.1434
B 0.6038 ± 0.3192 0.7907 ± 0.2093
C 0.7201 ± 0.2948 0.8031 ± 0.1573
D 0.7339 ± 0.2518 0.8206 ± 0.1058
E 0.6869 ± 0.2550 0.7052 ± 0.2150
F 0.6972 ± 0.2638 0.7615 ± 0.2134
G 0.7415 ± 0.2552 0.7355 ± 0.1208
H 0.7081 ± 0.2785 0.7801 ± 0.1731
I 0.6785 ± 0.2822 0.8277 ± 0.1314
J 0.6233 ± 0.3219 0.7952 ± 0.2012
Ave. 0.6893 ± 0.2779 0.7822 ± 0.1671
TABLE II
AVERAGES AND STANDARD DEVIATIONS OF Rmax FOR CASE 2.
Subject Existing Approach [14] Proposed Approach
A 0.6405 ± 0.2976 0.7932 ± 0.1619
B 0.5459 ± 0.3800 0.8360 ± 0.1492
C 0.7706 ± 0.2362 0.8199 ± 0.1437
D 0.6710 ± 0.2787 0.7896 ± 0.1591
E 0.6453 ± 0.3118 0.7805 ± 0.1964
F 0.7413 ± 0.2727 0.8476 ± 0.1597
G 0.6619 ± 0.3005 0.6862 ± 0.2012
H 0.6291 ± 0.3261 0.8159 ± 0.1842
I 0.5958 ± 0.2843 0.7731 ± 0.1432
J 0.7938 ± 0.3376 0.8096 ± 0.1361
Ave. 0.6695 ± 0.3025 0.7952 ± 0.1635
existing approach in Tables I and II, the p-values are obtained
as p < 0.05. The p-values are small (p < 0.05) in both
Cases 1 and 2. This means that there is enough evidence
to reject the null hypothesis at the 5% significance level,
that is, it is concluded that there is enough evidence that the
proposed approach is better than the existing approach. Thus,
by introducing D2PY diff (t), the estimation results can be
significantly enhanced in both Cases 1 and 2. As for difference
between Case 1 and Case 2, as a result of the t-test, the p-
values associated with the t-test between Case 1 and Case 2
are not small (p > 0.05) in both the existing and proposed
approaches. Hence, the t-test result does not allow to point
out the effect of the colored pattern stimuli for the estimation
results in this experiment. Fig. 6 shows plots of the BRreal
and the BRestimate for a section of (fleft,fright)= (12.00 [Hz],
10.00 [Hz])) in Case 1 of Subject A. The estimation result
BRestimate agrees well with the feedback report BRreal.
The flickering nature of the stimulus, as well as other
features (like frequency, pattern or brightness [30]), could
affect the way in which perceptual dominance/binocular rivalry
occurs in the brain. This will also need to be investigated in
future work.
V. CONCLUSION
This paper has presented a practical SSVEP-based algorithm
for perceptual dominance estimation in binocular rivalry from
EEG signals. The algorithm is real-time and effective and has
significantly improved accuracy over the existing approach.
For accuracy of estimation, the algorithm has utilized the spec-
trogram obtained by the short-time Fourier transformation with
a short time analysis window. More importantly, the algorithm
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Fig. 6. Plots of BRreal and BRestimate for a section of (fleft,fright)=
(12.00 [Hz], 10.00 [Hz])) in Case 1 of Subject A:(a) BRreal(t),
(b) PowerY (t, fleft) and PowerY (t, fright), (c) D0PY diff (t), (d)
D2PY diff (t), (e) BRestimate(t).
has focused on the acceleration of the spectrogram difference
between SSVEP of left-eye stimulus and that of right-eye
stimulus. The experimental results have demonstrated the
utility and applicability of the algorithm, and in particular, the
importance of introducing the acceleration of the spectrogram
difference. Since the algorithm is quite simple and fast, e.g.,
it is possible to work in 8 [ms] sampling rate, it is indeed
suitable to accurately measure binocular rivalry without verbal
communications in real-time environments.
One of our future works is to investigate the reasons why
the acceleration information contributes to better results from
the physiological mechanism points of view. Moreover, we
will explore the possibility of its application to animals.
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